Model-based short-term forecasting of urban storm water runoff can be applied in real-time control of drainage systems in order to optimize system capacity during rain and minimize combined sewer overflows, improve wastewater treatment or activate alarms if local flooding is impending. A novel online system, which forecasts flows and water levels in real-time with inputs from extrapolated radar rainfall data, has been developed. The fully distributed urban drainage model includes autocalibration using online in-sewer measurements which is seen to improve forecast skills significantly.
INTRODUCTION
In the future, climate change will have severe impacts on the function of urban drainage systems. Rain events will intensify and water levels of receiving waters will rise. Furthermore, catchment surfaces will grow in size and density due to increased urbanization. This will increase the risks of urban flooding and increase the discharge of untreated (or poorly treated) waste and storm water to receiving waters. The hygienic, environmental, and economic consequences are obvious. One solution is to increase drainage system treatment and storage capacity.
Another solution, which, in many cases, is more economically feasible, is to apply modern technology to optimize the existing sewer systems. This can be implemented by forecast-based real-time control of drainage systems, in order to better utilize the capacity of drainage systems or to activate alarm systems if flooding or overflow is impending.
Real-time flow forecasting has been studied quite intensively with regard to rivers and streams (e.g. Collier ).
These systems are primarily implemented by running models online to predict certain water levels and risk of flooding. Many rural systems have a runoff time larger than 12-24 hours, and it is thus sufficient to run the flow forecasting models with real-time rainfall data (either radar Quantitative Precipitation Estimates (QPE) or rain gauge data). Of course, if a very long lead time is required, rainfall inputs from a Numerical Weather Prediction (NWP) model can extend lead times up to a few days, however with considerable uncertainty. Urban drainage systems are different from the rural systems since the systems are smaller with significantly shorter runoff time.
Therefore, in order to forecast flows or water levels in urban drainage systems, the rainfall input to the runoff models needs to be predicted, in order to extend lead This study will investigate the potential for radar-based short-term flow forecasting in drainage systems -using a small urban catchment as its case. The concept will demonstrate how flow forecasting can be implemented in real-time operation. Real-time control of the drainage system based on the forecast is not considered in the present approach.
Whether this system could actually prevent urban flooding, combined sewer overflow (CSO), or activate alarms is thus unconsidered.
Since November 2010, the system has been operated online in real-time, with the purpose of studying real-time application of drainage models. The objective is to investigate the reliability and robustness of these types of online systems, before initiating actual real-time control relying on radar-based short-term forecasts. In order to perform reliable flow forecasting, a wellcalibrated runoff model is required. The model needs to be tested with historical inputs, doing hindcast simulations before being implemented in real-time operation.
In terms of forecasting, it is assumed that the best possible performance is obtained by implementing a real-time auto-calibration (optimization) routine running continuously, updating the system variables according to flow measurements in the system. This concept is also known as real-time data assimilation. When the systems and the model have the same state at the time of the initiation of the forecast, the best possible flow forecast is ensured. This method also enables the system to handle uncertainties in the rainfall intensity levels estimated by the radar. If the rain intensities are too small or too large, the auto-calibration routine will ensure that the runoff is adjusted accordingly. When analyzing historical data, it is preferable to apply radar data which have been calibrated against a number of rain gauges; either as daily mean field bias correction, e.g. This is not possible to do in real-time radar data bias calibration however, unless data from a dense network of rain gauges are available in real-time, which they are not in this case. Therefore, the bias calibration of the radar data is integrated into the overall auto-calibration of the drainage model against flow observations. Normally, two calibration procedures would be initiated separately. Since it is the prediction of the flow in the drainage system which is of major interest in this approach, it is considered a reasonable assumption to omit the middle step of certifying the exact rainfall input as long as the flow output from the runoff model corresponds to the observed flow. It is most certain that more reliable forecasts can be obtained by implementing the auto-calibration routine, compared with simulating the model in real-time with default parameter values, no updating of system states, and uncalibrated radar rainfall inputs.
In the present approach, the drainage system is simulated with a fully distributed urban drainage model 
Rainfall nowcast model
The radar extrapolation algorithm has been developed at Aalborg University, Denmark and is currently running in real-time operation on several radars and radar composites. 
Case catchment and urban drainage model
The study is completed using the small urban catchment If the catchment were larger, such as presented in Thorndahl et al. (a) , the runoff simulations could benefit from a distributed rainfall input, but the spatial variability between the three pixels is negligible in this case.
The drainage system is modeled with the MOUSE model (DHI ) with a time-area surface runoff model as well as a hydro-dynamical pipe flow model based on the 1D Saint Venant Equations. The model is fully distributed, which means that the model can also predict local flooding of manholes, storage filling, and capacity problems.
The rainfall input to the model is handled individually for each sub-catchment (manhole connection). On top of the MOUSE model, a MATLAB shell has been developed in order to run the optimization and import radar data to the MOUSE model. In the real-time application, the model is executed every 10 minutes corresponding to the temporal resolution of the radar data.
The most important parameters in the MOUSE model are the ones selected for the auto-calibration procedure.
They are described in detail in the following section. 
Optimization routine and real-time operation
The urban runoff model with radar rainfall input is autocalibrated every 30 minutes by using runoff measurements from the past 12 hours. As described in the introduction, the individual calibration of the radar rainfall is neglected and the optimization is made between the uncorrected radar rainfall data and the observed runoff. In this way, an update of the overall system to the current state is excluded.
A 4-hour time window is used to simulate the flow forecast (event though the rainfall forecast is only 2 hours -this ensures that the storm water is able to discharge from the system). It would be preferable to initiate the auto-calibration for each model run (every 10 minutes), but at this time the optimization algorithm is too computationally demanding to be implemented in real-time simulating on a single standard PC. The simulations performed in 10-min intervals therefore use the parameter set from the last available auto-calibration run.
The current system consists of one PC downloading radar data and performing the radar forecast, one PC performing auto-calibration and optimization of parameters as well as downloading and saving flow data, and finally one PC performing the flow forecast. The auto-calibration is therefore running independently of the flow forecast.
The optimization algorithm is based on a Quasi-Newton method for non-linear systems. The concept of this optimization is to find minima on a multidimensional surface. In this case, the algorithm has been implemented using the Broyden (), Fletcher (), Goldfarb (), and Shanno (), BFGS formulation as this has been proven to converge quickly with few iterations. This method requires calculation of the first order partial derivatives, which in this case is done numerically. The optimization criterion is in this case defined by: 
Three different parameters are included in the auto-calibration, the overall system scaling factor (SSF), the surface concentration time, t c , and the dry weather flow (DWF).
Variations of the three parameters are considered to be able to cover the most zero-and first-order errors and are therefore suitable for the auto-calibration routine. Furthermore, Thorndahl et al. () classified these parameters to be the most sensitive for the model in question.
The overall mass balance of the system is certified using the following equation:
where Q(t) if the flow output from the whole system as a function of time; N is the total number of sub-catchments; i c (t) is the uncorrected radar rainfall intensity in sub-catchment c as a function of time; A c is the total area of subcatchment c; β c is the percentage of impervious area in sub-catchment c; φ is the hydrological reduction factor which in the MOUSE model (DHI ) determines the percentage of the impervious areas which contributes to the runoff; and ψ is the mean field radar bias.
Since no individual real-time calibration (bias adjustment) of the radar rainfall data is performed, the mean field radar bias, ψ and the hydrological reduction factor, φ are combined to one overall SSF which certifies the mass balance between the uncorrected radar rainfall input and the observed flow in the drainage system.
SSF is used to correct for uncertainties in the radar cali- hours after the rain has stopped (in order to make sure all the storm water has discharged). Since this publication only addresses the runoff during rain, and the DWF is not changed from the standard setting during rain, the DWF is omitted throughout the rest of the paper for clarity reasons.
For each auto-calibration run, these three parameters values are estimated and values are tracked as shown in Table 1 .
Simulated and forecasted events
As mentioned in the introduction this system has been operated in real-time since November 2010. Until June 2012, a total of 52 rainfall events (larger than 3 mm according rain gauge no. 20458, Figure 2 ) have been simulated and forecasted. Some longer periods with outage due to hardware problems occurred and a period has been discarded due to snow and snowmelt runoff, hence the list of events is not complete for the 19 months of operation. Two events were discarded due to radar data outage, which gives the list of 50 events presented in Table 1 .
For clarity reasons, it is chosen to present complete events in the paper, even though the forecast systems run in 16-hour windows (12-hour hindcast and 4-hours forecast).
The events therefore have different durations and only one optimized parameter set is shown for each event.
Evaluation measures
The observed, modeled and forecasted data are compared using three different measures: The relative volume error between observed and modeled volumes; the relative peak error between observed and modeled peaks; and the Nash Sutcliffe Efficiency (NSE). Values are calculated in percent. The NSE (Nash & Sutcliffe ) is a measure of how well the modeled data (M) fits the observed data (O):
The NSE can range from À∞ to 1, where NSE ¼ 1 is the best possible fit, NSE ¼ 0 indicates that the model is as accurate as the mean of the observations, and NSE < 0 indicates worse performance than the mean of the observations. In this case, NSE is applied to compare both flows, volumes, and peaks. The NSE is somewhat similar to the optimization measure, f, (Equation (1)), and 1-NSE could have been applied as the optimization measure. Beven & Freer () indicated that the exponential part of Equation (1) would perform better in estimating peaks as well as be able to secure low mass balance errors. Figures 3 and 4 shows the observed vs. modeled volumes and observed and modeled peaks for the 50 events, respectively. In Table 1 The optimized values of the overall SSF (mean of 1.14 for all events) are approximately a factor of 2.5 larger than other investigations (Thorndahl et al. , ) . This is due to the fact that neither calibration nor bias correction has been performed on the radar data. The concept of the auto-calibration routine is that all volume errors can be handled by the overall SSF and that no a priori radar data calibration are necessary. Since the radar data seem to have a negative bias for the modeled period, the overall SSF will take on larger values than the default value of hydrological reduction factor. With regard to the peak errors (Table 1 and For several of the events, the optimized value of the concentration time corresponds to 0 or 1 min (Table 1) . This indicates that the concentration time might not be sufficient in order to optimize the temporal variations in the auto-calibration routine. Besides increasing errors of volume and peak for increasing lead time, some differences in the temporal variations can be identified between the observations, the optimized model, and the three forecasts (see examples in
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Figures 5-7). The temporal errors increase for increasing lead time, but no significant positive or negative bias is present. In Figure 5 and Figure 7 for example, the peaks for the longer lead times arrive somewhat later than they actually happened, which is not the case for the event exemplified in Figure 6 . Again, the errors increase for increasing lead times.
According to the optimized model, an overflow will occur in 23 of the 50 events. The 30-and 60-min forecasts predict 21 and 17 overflow events, respectively. However, using the 120-min forecast, it is only possible to predict nine overflow events. One of these overflow events is a false alarm, indicating that no overflow has been predicted by the optimized model, but the 120-min forecast predicts an overflow. 
DISCUSSION
The radar nowcast procedure presented in this paper is rather simple as it is solely an extrapolation of the observed radar rainfall. Since only one single radar is applied, it is impossible to do a reliable forecast beyond a lead time of 2 hours. Even if a mosaic of several radars was applied, it might be difficult to extend lead times further due to the rapid nature of storms (especially convective storms). Sev- Another possibility in terms of rainfall forecasting would obviously be to go towards NWP models as presented in Thorndahl et al. (a, b) . In these papers, a maximum lead time of 24 hours was applied, however it should be possible to extend lead times even further (although with increasing uncertainty). A weather model has the advantage that it simulates the complete meteorological conditions of the atmosphere and can thus include the development of storms, convections, orographic effects, etc. The spatial This concept is also easier to implement in practice compared with a system in which the radar rainfall estimates are calibrated against online rain gauges in the catchment.
The same concept has been presented by Ahm et al. () .
It is chosen to use the optimization criteria based on the exponential likelihood measure from Thorndahl et al. freedom considerably, and make the optimization even more difficult, and therefore it was chosen to settle for the two most sensitive parameters.
There is always a large focus in hydrological modeling on obtaining the perfect fit between observed and modeled hydrographs. Obviously, complete perfect fits have not been presented in this paper, but in terms of the concept of short-term forecasting, acceptable fits have been obtained.
In urban hydrological forecasting, it might not be necessary to predict very accurate flows, but to determine whether the flow will exceed a certain threshold (e.g. in an inlet to a waste water treatment plant), or if CSO or local flooding will occur. If urban hydrological forecasting were to be applied in combination with real-time control of drainage systems, the objective would also be to predict when and where the flow or water level would exceed a certain threshold, for example, in order to utilize spare capacity of the drainage system to prevent or minimize CSO or local flooding.
As stated in the introduction, the modeling concept of this paper has been to apply a fully distributed urban drai- The model is only forecasting the flow in one single point of the drainage system however (the inlet to the waste water treatment plant) and no upstream information is available.
In order to develop the concept further, the future work based on this system will be to implement a probabilistic forecast by including uncertainties related to the forecasting system. Thorndahl et al. () The demonstrated system shows great potential in forecasting urban runoff for real-time control applications. The catchment used as the case study might be too small to really benefit from real-time control, but it is clear that larger systems with larger storage volumes could have an advantage in utilizing the full capacity of the system. Furthermore, the system could be applied for simulating the inlet flow to waste water treatment plants in order to optimize treatment processes during rain. In this case, the runoff time of the whole system can be added to the lead time of the rain, predicting flow or water levels with a larger lead time than 2 hours. In this case, a fully distributed drainage model such as MOUSE might be too detailed and therefore too computationally demanding. A simplified lumped model might work better for these purposes.
